The present study aims at evaluating the treatment of polycyclic aromatic hydrocarbons (PAH) present in oil refinery effluents by advanced oxidation process (AOP), besides analysing the data obtained using artificial neural networks (ANN). The AOP process managed to degrade 10 different PAH initially found in the samples analysed. The efficiency analysis of the process was also evaluated, according to the amounts of total organic carbon (TOC). The ANN Multilayer Perceptron used consisted of 3 layers. Experimental and simulated data used in the training were compared in both trial and validation processes concluding that the amounts were very similar. The network used was able to monitor precisely the tendency of the data and the amounts of TOC, observing the correlation coefficient on both modelling strategies employed. The values of R 2 were 0.994 in the first modelling, using the activation function logsig, and 0.996 in the second one, using tansig. Both modelings used the training algorithm Levenberg-Marquardt, corroborating the efficiency of the process employed.
INTRODUCTION
Crude Petroleum is a volatile mixture of organic and inorganic compounds, mainly consisting of aliphatic and aromatic hydrocarbons. This complex mixture also contains, in smaller amounts, nitrogen, oxygen, sulphur, and metallic ions-mainly nickel and vanadium (Falla et al., 2006) .
Through the refining process, petroleum can generate more useful products, such as gasoline, kerosene, lubricants, nafta, and diesel. During the refining process, 246 to 340 liters of water per crude oil barrel are used, in average; generating amounts of residue water of between 0.4 to 1.6 times the volume processed Among the pollutants present in petroleum and its products, the polycyclic aromatic hydrocarbons (PAH) should be pointed out. PAH are biorefractory, hydrophobic, and recalcitrant ( While developing an analytical technique capable of verifying the presence of PAH, it is important to analyse the effectiveness of the different types of water treatment. In oil refineries, it is common to rely on physicochemical treatments such as water-oil separator and coagulation-flocculation. These treatments can be followed by biological treatments, because of the recalcitrant property of the compounds after conventional treatments, which require the use of polishing processes, such as the advanced oxidation processes ( The ANN have been of great interest, for they are predictive models and of pattern recognition with the capacity to "learn" from observed experimental data without knowledge of the laws of physics and chemistry that control the system. Therefore, the use of ANN in data handling is specially important in non-linear and complex behaviour systems ( Employing mathematical modelling, the ANN allows the simulation of different processes involved in the treatment of effluents. The use of the ANN makes it possible to evaluate the complexity of the reaction mechanism of the photochemical processes, given the difficulties in the determination of the phenomenological models due to the non-selectivity of hydroxyl radicals (Khataee & Kasiri, 2010).
The current work aims to evaluate the efficiency of the treatment of effluents of an oil refinery unit using advanced oxidations processes and modelling via artificial neural networks.
MATERIALS AND METHODS

Collecting the effluent from the oil refinery
Three samples were collected from five different points of treatment plants from an oil refinery located in the city of Rio de Janeiro. The points were: AMG (entry of the treatment plant), AJQ (sample from the aerobic incubator), APM (water from the separator outlet), API (in the Dissolved air Floating Filter and before the bioreactor), APL (sludge from the bioreactor), and APN (water from the final effluent outlet, to be disposed in the river). The samples were collected in three consecutive days, until reaching a total volume of 5L for each point, according to the requirements set by NBR 9898 Nb 1050, the norm which regulates Preservation and Effluents Sampling Techniques.
Total organic carbon analysis
The total organic carbon (TOC) was determined in a high-sensitivity equipment (SHIMADZU), TOC/VCPN model. The quantification of organic matter was carried out using a high-sensitivity catalyst (4 µg.L -1 -25,000 mg.L -1 ), with the capacity to identify the amounts of total carbon (TC) and inorganic carbon (IC). The pressure was maintained between 300 and 500 kPa with a flow of 150 mL min -1 .
PAH analysis by gas chromatography with detection by mass spectrometry (GC/MS)
The samples were analysed in a gas chromatograph connected to a mass spectrometer (SHIMADZU), QP201 Plus model. To determine the 16 PAHs considered as priority, a methodology proposed by the USEPA 8270-D was used (APHA, 2013). The parameters considered were: temperature of the injector (250°C), interface temperature (300°C), flow of helium gas (1.20 mL.min -1 ), injection volume (1µL), injection mode (splitless), and temperature gradient (ranging from 45± 1°C to 310 ± 1°C).
In the sample preparation stage, the liquidliquid extraction process (LLE) was used, having dichloromethane as a solvent. The liquid-solid extraction process (LSE), with a Soxhlet device at 60 ± 1°C, used hexane-acetone (Merck) in a 1:1 proportion, followed by a filtration cleanup. The filtration used a clean up column filled with sodium sulphateanhydrous calcined, silica gel and basic silica, as shown by the diagram in Figure 1 . This column was initially washed with 50mL of a dichloromethane mixture and hexane 2:23, followed by the same mixture in the proportion of 3:27. The resulting liquid from the filtration was submitted to a LLE, using dichloromethane as a solvent following, in both cases, the methodology used for the PAH, regulated by USEPA 3540. The extracts obtained for both extraction types carried out were concentrated until a volume of 2mL, using a rotary evaporator (Fisatom), model 801, for further analysis in the GC/MS.
PAH degradation via photo-Fenton like process in a bench reactor
The trials involving the advanced oxidation processes (AOP) were run in a homogenous system, photo-Fenton like, in bench reactors, using UV-A radiation. The reactor used consisted of three lamps in parallel, with a power of 20W each. In the determination of PAH and TOC amounts, an inhibitory 0.1M solution from the mixture sodium hydroxide, potassium iodate, and sodium nitride was used to guarantee the stagnation of the AOP reaction for analysis. The iron used in this treatment was endogenous, it was part of the sample itself. The first variable analyzed was the concentration of hydrogen peroxide (30% w/w, Merck, Brazil), which was calculated based on COD values. In view of the need for a large data to obtain the neural network, experiments were conducted with three different concentrations of hydrogen peroxide: 60, 95, and 130 mmol. The second variable was analyzed during the degradation time, which was also assessed in three different values (30, 75, and 120 min). The sample volume was 50 mL.
AOP analysis and the use of artificial neural networks (ANN)
Two strategies were used to employ the ANN in the AOP modelling studied. The first consisted in correlating the inputs (naftalene, acenftilene, acenaftelinr, fluorene, fenantrene, fluorantene, pyrene, benzo(b)fluorantene, benzo(a)pyrene and peroxide) with an output (total organic carbon), according to the diagram in Figure 2 . ANN was used for modelling the logsig activation function applying the Levenberg-Marquardt training algorithm.
The second strategy used the same input and output, adding the time variable only to the input and removing the TOC variable. This second modelling strategy aimed at a possible optimisation of the process, taking into consideration the optimal time for the degradation of composites and the mineralization of organic matter. For this strategy the tansig activation function were used in the intermediary and exit layers. The Multilayer Perceptron (MLP) network consisted of: 1) entry layer with 11 neurones, 2) intermediary layer containing 3 neurones, and 3) exit layer with 1 neurone. The MPL was used to model the tansig activation function applying the LevenbergMarquardt training algorithm. 
RESULTS AND DISCUSSIONS
Characterization of the samples and PAH quantification
Initially, a pre-quantification of the iron concentration in the samples was carried out to verify the presence of this substance, as well as to use it in the submission of the samples to the photo-Fenton like process. Subsequently, all samples were analysed by gas chromatography, combined with mass spectrometry (GC/MS), before the photo-Fenton like process, detecting 10 PAH. These were: naphthalene, acenaphthylene, fluorene, phenanthrene, fluoranthene, pyrene, benzo(b)fluoranthene, benzo(k)fluoranthene, and benzo(a)pyrene, see Table 1 .
PAH degradation via photo-Fenton process
Once verified the presence of 10 different PAH and quantified the concentration of iron in the samples studied, the degradation of pollutants using the AOP was undertaken. After the treatment, 7 of the PAH were identified: naphthalene, acenaphthylene, acenaphthene, fluorene, phenanthrene, fluoranthene, pyrene. Once run, the analysis on contamination and PAH removal and the evaluation of the average TOC content was carried out. The samples from the several stages were submitted to the TOC analysis two fold, as presented in Table 2 , corroborating with the results from the points collected from the treatment plant. All samples in the conditions studied were degraded, but not completely mineralised. This way, the need of a more energetic treatment becomes evident, either by increasing the amount of peroxide or by using ANN.
Modelling using artificial neural networks
The type of neural network used was the "multilayerperceptron" (MLP), constituted of 3 layers: 1) input layer, containing 10 neurones; 2) hidden layer, containing 3 neurones; and 3) output layer, with 1 neurone. For the first strategy tested, three neurones were used in the intermediary layer, with the logsigactivation function, which was also used in the exit layer. The data was normalised to between 0.1 and 0.9 and divided in 60% for the training (used in the evaluation of the efficiency of the study), 20% for the test (not used in the evaluation stage and 20% for validation (used in the evaluation of the training, with use of automatic stop in case of inefficiency); in this case, the algorithm used was the Levenberg-Marquardt. The comparisons between experimental and simulated data in both trial and test, respectively, are presented in Figure 3 .
For the first strategy used in the modelling, without the analysis of the variable time, the trained neural network was acknowledged to have obtained a high degree of correlation for both training (R 2 = 0.997) and the test (R 2 = 0.995), as demonstrated in Figure 4 .
Once obtained experimental and simulated data used in the training and in the test, the validation was employed, demonstrating the proximity of the values. The neural network was able to follow with precision the data and, consequently, the TOC contents. The correlation coefficient of 0.994 ( Since the first strategy used in the test and training stages presented a good linear regression, and that only the variable time was added to the second strategy, the same procedure was taken for the second stage. In this case, the way of evaluating the efficiency of the model employed was drawn to a chart for the best adjustment: training, test, and validation process. For the modelling strategy using the variable time, one could note that, among experimental and simulated data used in the data set, the network was able to simulate with reasonable precision the TOC contents (Figure 5-B) . Based on this analysis, as well as on the value obtained for the correlation coefficient (R 2 = 0.996), a good prediction of the experimental results was observed, as described by 
CONCLUSIONS
The degradation of PAHs to the five samples studied shows that the advanced oxidation processes, complementing the biological processes or by themselves, are effective in the degradation of recalcitrant compounds in the oil industry when treated using the photo-Fenton process, with higher rates of 60 % and 90% degradation for most experiments, over a relatively short training, up to 30 minutes.
For both neural modeling strategies studied, the treatment time was found to be more efficient when analyzing the correlation coefficient, even with a small amount of data when compared with data in the literature; evidencing the efficiency of neural networks in modeling the AOP. Thus, proving that the ANN can describe the efficiency of the complex as a photo-oxidation process, with the comparison of the correlation coefficients between the experimental and simulated data and predicting OCD, its output variable.
